This paper studies the role of strong versus weak ties in the rural-to-urban migration decision in China. We first develop a network model that puts forward the different roles of weak and strong ties in helping workers to migrate to the city. We then use a unique longitudinal data that allows us to test our model by focusing on first-time migration. Strong ties are measured by the closest family contact, while weak ties are determined by the fraction of migrants from the village in which the individual resides. We address the endogeneity of the network formation in the migration decision. Our results indicate that both weak and strong ties matter in the migration decision process, although the impact of weak ties is higher than that of strong ties. We also show that one underestimates the effect of social networks on migration by not taking into account the strong ties in the mobility process. We finally find that weak and strong ties act as complements in the migration decision, which indicates that the interactive effect between weak and strong ties is particularly strong above a certain threshold of the size of weak ties.
Introduction
Social interactions, whether regular or occasional, influence individual decisions and behaviors. The effects of social networks on economic activity have been well documented (see Jackson, 2008 . Nonetheless, little is known about the mechanisms by which networks exert such effects. The aim of this paper is to investigate the role of networks in great depth by disentangling the effect of strong and weak ties in migration decision.
There is a large body of literature on the role played by the different types of network in the labor market. In particular, Granovetter (1973 Granovetter ( , 1974 Granovetter ( , 1983 shows that weak ties are superior to strong ties in terms of providing support in getting a job.
1 Indeed, in a close network where everyone knows each other, information is shared and thus potential sources of information are quickly shaken down, whereby the network quickly becomes redundant in terms of access to new information. In contrast, Granovetter stresses the strength of weak ties involving a secondary ring of acquaintances who have contacts with networks outside the ego's network and therefore offer new sources of information about job opportunities.
In the present paper, we would like to investigate whether this is also true for migration decisions. Accordingly, we first derive a theoretical model to illustrate the different channels through which social networks may affect migration decisions. To be more precise, we consider a dynamic model in which individuals belong to different dyads and dyad members do not change over time. As a result, two individuals belonging to the same dyad hold a strong tie with each other. However, each dyad partner can meet other individuals outside the dyad partnership, referred to as weak ties or random encounters. By definition, weak ties are transitory and only last for one period.
Individuals can be in two different states: they have either migrated or not and, therefore, there will be three different types of dyads: both members have migrated, one member has migrated and the other has not migrated, or both members have not migrated. In this model, only workers who have migrated in the city can provide information about jobs to rural workers. Strong ties provide more reliable information than weak ties. Thus, information about jobs is essentially obtained through strong and weak ties and thus social networks.
We show that a unique steady-state equilibrium exists and explicitly determine the migration rate in the economy. We also show that the probability of migrating increases with the social interactions with strong ties, the social interactions with weak ties and the job-arrival rate, and decreases with the job-destruction rate in the city (or the emigration rate).
We subsequently test these theoretical results using a unique longitudinal dataset in China (RUMiC), where we observe the individuals and their networks before migration. As in the theoretical model, we define different types of networks based on the strength of the social interaction. First, we define strong ties based on the closest family contact and estimate the impact of the closet tie migrating on the individual's subsequent migration decisions. Second, we define weak ties as the share of previous migrants from the village. We measure the network at a point in time that precedes migration by between 1 and 3 years. There are several challenges when attempting to estimate the effects of networks on migration. First, endogeneity could arise because there could be unobservable factors affecting both the network characteristics and the migration decision. Selectivity could also arise to the extent that only individuals of a certain type self-select into certain networks. Second, there may be common shocks at the village levels that trigger migration. We address all these issues by providing different robustness checks.
Our results indicate that both weak and strong ties matter in the migration decision process, although the impact of weak ties is higher than that of strong ties. We also find that weak and strong ties act as complements in the migration decision. We show that if 50% of someone's weak ties have migrated, then his/her probability of migrating increases by 155% if his/her strong tie has migrated compared to the case in which the strong tie has not migrated. This indicates that the interactive effect between weak and strong ties is particularly strong above a certain threshold of the fraction of migrants in the village.
The structure of the paper is as follows. In the next section, we discuss the contribution of our paper compared to the literature on social networks and migration. In Section 3, we present the background context by describing the migration and the role played by networks in China. The theoretical model is developed in Section 4. The data and identification strategy are discussed in Section 5. In Section 6, we present our main empirical results. Several robustness checks are performed in Section 7. Finally, Section 8 concludes.
Related literature
There is a growing body of literature concerning social networks and migration, especially in developing countries. One important question concerns the extent to which the influence of networks is significant on top of the role of the traditional factors (such as the wage differential between the origin and the destination country, the bilateral distance between the two countries, etc.). The empirical literature based on structural gravity models (Beine et al., 2011a,b; Bertoli and Fernández-Huertas Moraga, 2012; Beine and Parsons 2012) finds an elasticity of about 0.4, which means that a ten percent increase in the bilateral migration stock will lead, on average, to a four percent increase in the bilateral migration flow over the next ten years.
At the microeconomic level, it is important to understand the exact role of networks in the migration decision. As noted by Dolfin and Genicot (2010) , migrant networks can facilitate migration in three different ways: through providing information about the migration process itself; through providing information about jobs at the destination and aiding integration after arrival; and through helping to finance the costs of migration.
Recent work provides support for the role of networks in finding jobs at migrants' destinations. Using Mexican rainfall as an instrument for the size of migrants' US networks, Munshi (2003) finds that larger networks substantially improve Mexican immigrants' likelihood of US employment. The role of networks in alleviating migration costs has been investigated by Rapoport (2007, 2010) , who find evidence suggesting that community networks tend to lower costs, especially for the less educated. Orrenius and Zavodny (2005) find that having a father or brother who has migrated to the US increases the likelihood of migration for males. 2 In most of these papers, networks are measured by taking the share of migrants in the destination country from the same village of origin (see e.g. Munshi, 2003; Rapoport, 2007, 2010) . However, this is clearly a very rough measure of social networks and one needs to open this black box to better understand the role of networks on migration. In the present paper, we measure weak ties in the same way but also include strong ties, defined as the closest contacts nominated by the head of the household. We show that one underestimates the effect of social networks on migration by not taking into account the strong ties in the mobility process. Moreover, we are able to show that there are strong complementarities between these two types of ties, especially above a certain threshold of the size of the weak ties. This is important because it means that both types of social interactions are key to understanding migration decision and that weak and strong ties reinforce each other.
Finally, we believe that our results shed light on the mechanisms by which networks encourage migration, because weak and strong ties provide different types of information in the migration process. Strong ties (measured here by the closest family contact) usually provide information about jobs at the destination and help (financial and other) to facilitate migration. Weak ties (as measured by the village in which the potential migrant resides) usually provide some information about jobs at the destination. Because weak and strong ties have different roles in encouraging migration, we believe that it is of paramount importance to disentangle between these two types of ties.
3 Migration and social networks in China
Migration in China
Internal migration in China is important in magnitude and consequences. China is experiencing mass rural-urban migration, triggered by the economic reform that started at the end of the 1970s. Prior to that period, the combination of the household registration system (hukou) and the imposed quotas for per capita consumption considerably limited human mobility between rural and urban areas. Agricultural productivity increased with the beginning of the economic restructuring, yielding both an excess rural labor force and a more stable supply of food. Furthermore, these changes were accompanied by a rise in the inflow of foreign investment in urban areas, which itself created a high demand for low-priced labor force. The combination of these vicissitudes progressively generated the largest movement of labor in human history. Recent estimates reveal that over 160 migrant workers have moved from their rural residence to urban areas (NBS China, 2013).
While partially reformed, the hukou system persists and continues to influence the size and composition of the rural-to-urban migrant flows. Hukou regulations imply that migrants are only allowed to live in cities for few years and exclusively for working reasons. Furthermore, migrants often lack access to better paid jobs, social security or good schools for their children. In such a context in which most migrations are precarious in nature yet are also frequent and involve a large share of rural households, the role of social networks becomes crucial. For example, the network can provide information about job opportunities in the city, but also effective help (such as housing or financial support) in order to facilitate the move. In the next subsection, we provide a description about the main aspects of the social networks in China and how its role in influencing economic outcomes has been analyzed in the literature to date.
Social networks in China
Social connections -also known as guanxi -permeates many aspects of the Chinese culture and is frequently used to achieve the most disparate tasks in daily life, ranging from getting a job to providing favors. Given such pervasiveness, a growing number of economists have started to explore how the guanxi affects economic decisions and outcomes. A first set of studies look at the role of social networks in the context of the labor market. For example, Zhang and Zhao (2010) analyze the role of social networks in promoting the self-employment of migrants in Chinese cities. One of the features of their study is that they take into account the endogenous formation of migrants' networks after migration. Long et al (2013) examine the impact of networks on migrants' wages using the proportion of labor migrants in the home village as an indicator of the village social network.
The role of networks in the migration decision has previously been analyzed by Zhao (2003) , who found that previous rural-to-urban migration -represented by the network of earlier migrants -positively influence subsequent migrations. However, the actual network is not observed in her study, and she relies on approximating it with the proportion of migrants from the same village who migrated in a given year. A similar network measure is used by Chen et al. (2009) , who examine the role of networks in determining the cluster of migrants in certain destinations. Our paper contributes to the migration literature by studying the role played by different types of guanxi, namely weak and strong ties, where these networks are observed. 4 The theoretical model
Assumptions, notations and definitions
Consider a population of individuals of size one.
Dyads We assume that individuals belong to mutually exclusive two-person groups, referred to as dyads. We say that two individuals belonging to the same dyad hold a strong tie to each other. We assume that dyad members do not change over time. A strong tie is created once and for ever and can never be broken. Thus, we can consider strong ties as links between members of the same family, or between very close friends.
Individuals can be in either of two different states: have migrated (state 1) or have not migrated (state 0). Dyads, which consist of paired individuals, can thus be in three different states, 3 as follows:
() both members have migrated −we denote the number of such dyads by  2 ;
() one member has migrated and the other has not migrated ( 1 );
() both members have not migrated ( 0 ).
For example, a  2 dyad means that both workers in the dyad (i.e. who have a strong tie relationship with each other) have migrated in the city, while a  1 dyad means that one person in the dyad has migrated while the other has not. Aggregate state By denoting the migration rate and the non-migration rate at time  by () and (), where () () ∈ [0 1], we have:
The population normalization condition can then be written as
or, alternatively,
Social interactions Time is continuous and individuals live forever. We assume repeated random pairwise meetings over time. Matching can take place between dyad partners or not. At time , each individual can meet a weak tie with probability () and her strong-tie partner with probability (). We assume these probabilities to be constant and exogenous, not to vary over time and thus, they can be written as  and . We do not assume anything about  and  being complement or substitute. We simply assume that individuals spend some time with their weak ties (captured by ) and some time with their strong tie (captured by ). We refer to matching inside the dyad partnership as strong ties, and to matching outside the dyad partnership as weak ties or random encounters. Information is exchanged within each matched pair as explained below.
Information transmission Workers migrate from the rural area to the urban area. We denote workers who have migrated (to the urban area) by workers of type  or −workers or migrants and workers who have not migrated (and thus live in the rural area) by workers of type  or −workers or non-migrants. In order to migrate, a rural worker needs to have some information about a job opportunity in the urban area. When the rural worker obtains this information about a job in the city, she may migrate to the city. Each piece of information about an opportunity is taken to arrive only to the −workers, who can then direct it to one of their contacts who have not migrated (through either strong or weak ties). In other words, only individuals who have already migrated and live in the city can help a rural individual to migrate to the city by providing her some information about an opportunity (about a job) in the urban area. To be more precise, a worker of type  (a migrant) hears of a job opportunity in the city at the exogenous rate . This migrant will transmit this job opportunity to a non-migrant depending if the latter has a weak tie or a strong relationship with the migrant. Quite naturally, we assume that the quality of the job information is better when it comes from a strong tie than from a weak tie. To be more precise, a non-migrant will always migrate whenever she receives job information from her strong tie, while she will migrate with probability 0    1 when the job information comes from a weak tie. This is because a strong tie, who has a long-term relationship with the non-migrant, always provides reliable information about jobs and can even provide financial help, or housing and help with other aspects of urban life for the migrant. On the other hand, a weak tie, who is a random encounter and has a short relationship with the non-migrant, can provide less reliable information about jobs.
We also assume that there is an exogenous rate  that a −worker goes back to the rural area. This is because migrants in the city can lose their jobs (at rate ) and subsequently need to return to the rural area. This is particularly relevant in the case of China, since migrants without urban hukou are not allowed to stay in the city without working. Similarly, access to welfare programs is usually restricted to urban hukou holders. In other words,  is the exogenous rate at which urban migrants return to the rural area. We call this the emigration rate or the (city) job-destruction rate. Therefore, migrants who hear about an opportunity in the city pass on this information to their current matched partner, who can be a strong or weak tie. Thus, information about opportunities in the city is essentially obtained through social networks.
This information transmission protocol defines a Markov process. The state variable is the relative size of each type of dyad. Transitions depend on labor market turnover and the nature of social interactions as captured by  and . Because of the continuous time Markov process, the probability of a two-state change is zero (small order) during a small interval of time  and  + . This means, in particular, that both members of a dyad cannot change their status at the same time. For example, two rural workers cannot migrate to the city at the same time, i.e. during  and  + , the probability assigned to a transition from a  0 −dyad to a  2 −dyad is zero. They can eventually both migrate, although it will take some time.
Flows of dyads between states It is readily checked that the net flow of dyads from each state between  and  +  is given by:
Let us explain these equations in further detail, starting with the first one. Then, the variation of dyads composed of two −workers (
) is equal to the number of  1 −dyads in which the −worker has migrated to the city (through either her strong tie with probability  or her weak tie with probability ()) minus the number of  2 −dyads in which one of the two migrants has returned to the rural area. In the second equation, the variation of dyads composed of one migrant and one non-migrant (
) is equal to the number of  0 −dyads in which one of the non-migrants has migrated to the city (only through her weak tie with probability  () since her strong tie also lives in the rural area and therefore cannot transmit any opportunity in the city) minus the number of  1 −dyads in which either the migrant worker has returned to the rural area (with probability ) or the rural worker has migrated to the city thanks to her strong or weak tie (with probability [ +  ()] ) plus the number of  2 −dyads in which one of the two migrants has returned to the rural area. Finally, in the last equation, the variation of dyads composed of two rural workers
is equal to the number of  1 −dyads in which the migrant worker has returned to the rural area minus the number of  0 −dyads in which one of the rural workers has migrated to the city (only through her weak tie, with probability  ()). These dynamic equations reflect the flows across dyads. Graphically, 
Steady-state equilibrium
In a steady-state ( * 2   * 1   * 0 ), each of the net flows in (4) is equal to zero. Setting these net flows equal to zero leads to the following relationships:
where
Definition 1 A steady-state labor market equilibrium is a four-tuple ( * (5), (6) , (7), (8) and (9) are satisfied.
We have the following result: Proposition 1 () There always exists a steady-state equilibrium N where all rural individuals do not migrate to the city so that only
there exists an interior steady-state equilibrium I where 0   *  1 is defined by
0   *  1 by (9), and 0   * 0  12 is given by:
Furthermore, the other dyads are given by:
If condition (10) holds, then an interior equilibrium always exists. Indeed, if the rate at which migrants return to the rural area  is sufficiently low and/or the information-contact rate  is sufficiently high, then an interior equilibrium exists. Otherwise, all workers will not migrate and stay in the rural area and the steady-state equilibrium N will prevail. Interestingly, in the interior steady-state equilibrium I, we know  * , the fraction of workers who have migrated to the city, and among them, those who have a strong tie migrating to the city (
Comparative statics
The key variable of our model is  * , which is given by (11). Since we have a Markov process,  * can have two equivalent interpretations: it is either the fraction of time each worker has spent migrating over their lifetime or the unconditional probability of migrating for any worker in the steady state. For the purpose of our empirical analysis, we use the second interpretation. As can be seen in (11),  * is a function of , the interaction with strong ties, , the interaction with weak ties, , the rate at which migrants hear about a job and , the job-destruction rate in the city (or the emigration rate). Let us now analyze the impact of these variables on the probability of migrating  * . We have the following result:
Proposition 2 Assume that condition (10) holds. Accordingly, the probability of migrating increases with the social interactions with strong ties , the social interactions with weak ties and the job-arrival rate , and decreases with the job-destruction rate , that is
Furthermore, the cross effect of weak and strong ties on the probability of migrating is undetermined, that is  2  *  has an ambiguous sign.
This is an interesting result, which shows that both weak and strong ties can help a rural worker to migrate to the city. It also shows how the state of the economy in the city (captured by  and ) can affect the migration of workers.
Econometric equation
We would like to test Proposition 2, in other words, to evaluate the role of weak and strong ties in the migration decision of rural workers in China. Observe that  * is defined by (11) as well as by  * = 2 * 2 +  * 1 . Thus, using (5) and (6), we have:
where  * 0 is defined by (12) . In (15), we see that  * , the probability of migrating is a function of  * , the probability of migrating for weak ties and  * , the probability of migrating for strong ties, i.e.
. This is what we want to test. Therefore, a (linear) reduced form of (15) can be written as:
where   is the (unconditional) probability of migrating for individual ,   is the fraction of 's strong ties who have migrated,   is the fraction of 's weak ties who have migrated,  measures the job-arrival rate in urban areas,  measures the emigration rate,  =   ( and  stand for strong and weak tie, respectively),   are the observable characteristics of the strong tie of individual , while P      are the (average) characteristics of the workers belonging to the same village (weak ties) as individual  and X 0 are individual and household attributes of , along with a regional indicator.
Data and identification

Data and descriptive evidence
Our analysis is based on the RUMiC data, collected as part of a large scale project conducted in China and comprising a rural household survey (RHS), an urban household survey and a migrant household survey. The migrants surveyed were randomly chosen from fifteen cities that are the top rural-urban migration destinations in China. Eight of these cities are in coastal regions (Shanghai, Nanjing, Wuxi, Hangzhou, Ningbo, Guangzhou, Shenzhen, and Dongguan), five are in central inland regions (Zhengzhou, Luoyang, Hefei, Bengbu, and Wuhan) and two are in the west (Chengdu and Chongqing). A sampling procedure was very carefully designed to ensure that migrants in the database constituted a representative sample of all the migrants in the fifteen cities.
5 For our purposes, we extract data from the 2008, 2009 and 2010 waves of the RHS (see Akgüc et al., 2014 , for a technical description of the RUMiC panel dataset). The rural household survey (RHS) covers the principal migrant sending provinces and was conducted using the random samples from the annual China household income and expenditure surveys carried out in rural villages. 6 The survey contains detailed information about household members -including those currently migrating -and comprises socio-demographic characteristics, labor market outcomes, migration history and the family situation prior to leaving the hometown. The data also provide information about village characteristics, including the number of individuals who currently migrated, as well as other characteristics, such as total population, the number of self-employed individuals and the village average wage.
In the data, we measure   by the probability that a given individual will migrate in one of the two years following the survey (conditioning on not having ever migrated). In other words,   is the probability of first-time migration, defined as an indicator that equals 1 if the individual will migrate in one of the two years following the 2008 survey, and conditioning on not having ever migrated before.
One of the important features of our analysis is that we model "future migration" as a function of "present covariates", and particularly network characteristics. The key explanatory covariates are based on two dimensions of the network: strength of social interactions (weak and strong ties) and migration status. We measure   , individual 's strong ties who have migrated by the fraction of the family's closest contacts who have migrated. Closest contacts are nominated by the head of the household or, in his/her absence, by the spouse. The head of the household could be individual  or someone closely related to him/her (the wife or children). In most of the empirical analysis, we will only consider the first contact nominated by the head of the household. In such a case, we will have a dummy variable that is equal to 1 if the strong tie has migrated and zero otherwise. We measure   , individual 's weak ties who have migrated, by the fraction of individuals in the village where  resides who have migrated. In other words, weak ties represent the entire social space, which we measure at the village level.
We also have information concentring two additional parameters stemming from the theoretical model: the emigration rate () and the rate at which job information reaches the network (). To capture these measures, we use two proxies. For , we use the village rate of labor immigration of individuals from outside the province (which is thought to relate to patterns of return migration), while for , we use the change in the urban unemployment rate in the capital city of the province in which the individuals live (which is arguably related to the rate at which information on job opportunities reaches the network).
Other covariates include additional characteristics of the networks. For example, for the village, we include the population size, the share of individuals who are self-employed and the average wage. For the closest contact of the family, we use indicators concerning the relationship status (being a relative vis-a-vis being a neighbor or a friend), the employment status (being a laborer or otherwise) and the education level (having ten or more years of education or otherwise).
Finally, we include a rich set of individual and household characteristics, as well as an indicator for whether the individual lives in a high emigration region.
For the purposes of our study, we restrict the sample to individuals aged 16 to 35. The reason is that more than two-thirds of first-time migrants move within this age window (the median age being 30 years) and we want to focus on individuals who move exclusively for labor-related reasons. In Table 1 , we present individual and household characteristics, as well as the network's attributes.
[   1 ]
The table shows that the percentage of males is below 50%, reflecting that males of this age are more likely to have already migrated (and hence are excluded from our sample). About two-thirds of individuals are married, and have on average less than 9 years of education. Half of the individuals are the first child and are farmers. The average household size is above three, with less than one children aged 0-16 on average. 8 The table also reports income and wealth indicators of the household. Finally, nearly 60% of individuals live in provinces that send more migrants than they receive (which we define as emigration regions).
In terms of migration, we observe that 12.5% of those interviewed migrated the two years following the interview in 2008. This is our dependent variable   in (16) .
In terms of network characteristics, on average, 17.4% of the weak ties migrated, while the proportion is slightly above 6% for strong ties. These large figures strongly reflect the magnitude of the migration phenomenon in rural China. The table also reports other characteristics of both weak and strong ties. For villages, the average population size is just over 2,500 individuals. The percentage of self-employed is rather low, perhaps reflecting that farming remains an important activity in these rural areas. The average monthly wage in the village is just above 400RMB. In terms of closest contact, we observe almost one-third are relatives, less than 20% have more than 10 years of education and nearly half of them work as laborers.
In Table 2 , we provide some evidence about dyads where we only consider one strong tie, i.e. we take the first person nominated by the head of the household. In the theoretical model, we normalized the total population to 1. In the real world, this is not the case and we denote by  the total population of individuals in our sample who were surveyed in 2008 ( = 2 192). This does not include the strong ties. Since each person has one strong tie, the total population is 2 = 4 384. Furthermore, in the theoretical model, we assume that  10 =  01 =  1 . This is not true in the data. Indeed,  10 is the number of dyads in which the person interviewed has migrated while her strong tie has not. Similarly,  01 is the number of dyads where the person interviewed has not migrated while her strong tie has. Note that each dyad has two persons so, for example, the number of persons interviewed who have migrated with a strong tie who has also migrated is  2 , while the total number of migrants who have migrant strong ties is 2 2 . In Table 2 , we see that  0 = 1 809, which means that there are 1 809 interviewed persons who have not migrated and whose strong ties have not to 64 years and those who have already migrated before.migrated. We can also see that  10 6 =  01 , i.e. there are 247 interviewed persons who have migrated but their strong tie has not ( 10 ) while there are 110 interviewed individuals who have not migrated but their strong tie has ( 01 ). If we want to calculate the unconditional probability of migrating for an interviewed person, it is given by ( 10 +  2 )  = 0125, which is the percentage given in Table 1 . However, if we want to calculate  * , as defined in the theoretical model by (11), we obtain:
As a result, the unconditional probability of migrating for any person (including both interviewed individuals and their strong ties) is 93%, which is smaller than 125%, the unconditional probability of migrating for an interviewed individual. This is because there is less migration from strong ties with non-migrant interviewed individuals than from interviewed persons with non-migrant strong ties ( * 10 = 247   * 10 = 110).
Figures 2, 3 and 4 provide information about some characteristics of the strong ties. In Figure 2 , we classify strong ties (or close ties) depending on the type of help they provide, distinguishing between financial help, psychological help, help with daily affairs and no help. This figure shows that close ties who have migrated are more likely to provide financial help than those who have not migrated, while the reverse is true for psychological help. This indicates that the migrant strong ties more prone to supplying material and financial support (and not just information) to the potential migrant than those who have not migrated.
In Figure 3 , we depict the frequency of close tie contacts. There are stark differences depending on the migration status of the strong tie. Close ties who have migrated have somewhat less frequent contact with individuals in rural areas than those who have migrated. This is certainly due to the fact that the geographical distance between strong ties is less for those who have not migrated than for the migrants.
[   3 ] Finally, we report some statistics about money and gifts exchange in Figure 4 . While, the amount of money received is generally larger for both close ties who did not migrate and those who did, the difference is much more marked for the latter group. This complements the information about financial help reported in Figure 2 .
[   4 ]
Econometric strategy and identification
There are several challenges when trying to estimate network effects, mostly related with the endogeneity of the network.
First, network endogeneity of strong ties might arise because there could be unobservable factors affecting both friendship formation and migration decision. 9 Moreover, since individuals only name up to five persons as their strong ties and we do not observe the whole network (i.e. strong ties have not been interviewed), the problem of selectivity into networks is similar to the endogeneity of choosing one's closest tie. To deal with this issue, we perform the three following robustness checks. First, we narrow down our sample to only strong ties who are known to the interviewed individual since age 16. In this case, it is hard to believe that the reason why two 16 years old become friends is because they anticipate that they will help each other to migrate 10 years after (the average age of migration in our sample is 27). Second, remember that the question about strong ties is only asked to the head of household. As a robustness check, we only consider individuals in the family who are not the head of the household since, in that case, strong ties are all distant 2 from the individual who considers migrating, i.e. they are the closest contacts of their relatives (i.e. the head of the household). For example, if we consider the son of the head of the household (the father), then we only look at the closest contacts of the father, who are distant 2 from the son. In that case, the choice of friendship is not entirely endogenous since it is chosen by the father but still indirectly affects the migration decision of the son. Finally, we narrow down the sample to only strong ties who know the interviewed individual since age 16 and individuals who are not the head of the household. As a consequence, it is difficult to argue that the head of the household's friendship decision made at the age of 16 can affect the migration decision of the children, since the latter were not even born! Second, there may be common shocks at the village levels that trigger migration (see e.g. Munshi, 2003) . Indeed, there may be a drought in the village that causes me and my closest contact to migrate and this has nothing to do with peer effects. To deal with this issue, we include the characteristics of the village to which each individual belongs.
Benchmark results
The aim of our empirical analysis is to examine the effects of both weak and strong ties in the individual migration decisions, as well as their potential interactive effects. Accordingly, we estimate equation (16) .
The results in Table 3 present the benchmark case. All estimates represent marginal effects of a probit model. The estimates of the individual and household covariates produce expected results. For example, being a male and young individual have a positive impact on migration. Other positive factors are the household size and the farmer status and land size, as well as residing in a high emigration region. On the other hand, higher income and a higher value of the house are negatively correlated with the decision of migration. The estimates of the parameters  and  yield results that match the theoretical model's predictions. Higher return migration has a detrimental effect on first-time migration (although the effect is only statistically significant in a few models). Similarly, increasing unemployment reduces the rate at which job information reaches the network, thereby reducing migration.
Let us now focus on the role of weak and strong ties in migration.
Besides individual and household covariates Column I also includes the migration status of the weak ties, which is the village share of migrants who have migrated, i.e.   . This is the standard measure of social network in the migration literature (see Munshi, 2003; Rapoport, 2007, 2010 ; Dolfin and Genicot, 2010) . We find that the estimate is positive and highly statistically significant. The magnitude of the estimate implies that a one percent increase in   is associated with an increase in the probability of migration by about 0.18 percentage points.
In column II, we estimate a model that only includes the impact of a strong-tie's migration status (  ) on the decision to migrate. While the estimate is only significant at the 10% level, the magnitudes is rather sizeable. Having a close friend who migrated is associated with an increased probability of migration by about 5 percentage points.
In the third column, we show estimates from a model in which we include both type of networks (weak and strong ties). Estimates are very similar and are, in fact, not statistically different from those in columns I and II. In column IV, we control for additional characteristics of the network. Estimates of   are slightly lower than those in the previous models, while estimates of   are somewhat higher (and estimated with higher statistical precision).
10 Overall, the pattern is very similar and both strong and weak ties are strongly and positively related with the future migration decision. In columns I to IV, we estimate the econometric equation (16) In column V, we interact the strong and weak tie variables and thus include  5     in the econometric equation, as in (16) . The estimates reveal a very interesting pattern: the effect of   disappears (with an estimate that is both statistically and economically negligible). However, this does not mean that the total effect of strong ties on migration is insignificant. Indeed, from equation (16), we can see that: Table 1 , the average value of   is 0174, so that the net effect is
which is roughly what we obtain in column III. The effect of weak ties on migration is relatively similar to those previously obtained. The new result in column 5 is the fact that  5 =  2       is strictly positive and statistically significant. This means that weak and strong ties act as complements in the migration decision. In other words, the higher the fraction of villagers who migrate, the greater the effect of migrants' strong ties on the individuals' migration decision. Column VI tests for non-linear effects of weak ties. Interestingly, we find that the effect of weak ties on migration increases up to a certain threshold and subsequently decreases. This result resembles the idea of network congestion observed in the case of labor networks in Egypt by Wahba and Zenou (2005) . However, the addition of the quadratic term leaves the estimates of the interaction effect virtually unchanged.
If we compare column I, which is the standard way in which researchers have tested the role of networks on migration decision (Munshi, 2003; Rapoport, 2007, 2010) and column VI, where we have the role of both weak and strong ties as well as their interactions, we see that the coefficient of the weak ties is divided by almost two (from 018 to 033). Indeed, if we proceed as in (17) , albeit for weak ties, using column VI and Table  1 , we obtain:
This means that by only regressing the fraction of villagers that migrate (weak ties) on the probability of migrating, we underestimate the real effect of social networks on migration decision. In order to quantify the impact of weak versus strong ties on the migration decision, we report in Table 4 the predicted probabilities of migration based on the estimations in Table 3 . Let us start with the estimations of column IV where the interaction term is not included ( 5 = 0). First, we observe that when nobody has migrated in the village (  = 0), then the effect of strong tie on migration is important. Indeed, 1477% of individuals migrate when their strong tie has also migrated, while only 865% will migrate if their strong tie did not migrate. More importantly, if we compare weak and strong ties, one needs to reside in a village where 35% of people have migrated to roughly obtain a migration rate of 15% when the strong tie has not migrated. In other words, the impact of a strong tie who has migrated on a person's own migration decision is "equivalent" to the impact of 35% of the people from the village who have migrated. More generally, if we double the percentage of weak ties that have migrated from 30 to 60%, when the strong tie has not migrated, it increases the person's own probability of migrating by 50% (i.e. from 14% to 21%).
[   4 ] Figure 5 shows these results for all possible values of weak-tie migrants. We see that the increase difference in migration probability between a strong tie who has migrated and not is relatively constant when the share of weak ties that migrate increases. This is clearly not the case when there are interaction effects.
[   5 ]
Let us now look at the second part of Table 4 based on estimations of column V of Table 3 , where the interaction term is introduced. If we consider Figure 6 , we see strong complementarities between weak and strong ties. If 10% of my weak ties have migrated, then my probability of migrating does not significantly increase (from 10.48 to 12.55%) whether or not my strong tie has migrated. On the contrary, if 50% of my weak ties have migrated, then my probability of migrating increases by 155% (from 17% to 43.37%) if my strong tie has migrated compared to the case when he/she has not migrated. This means that weak and strong ties are complements above a certain threshold. In other words, the interactive effect between weak and strong ties is particularly strong for values of   in the third and fourth quartile.
[   6 ]
Robustness checks
In this section, we perform several robustness checks. In section 5.2, we indicate that the main threat to identification is the network endogeneity of strong ties, since individual may form friendship relationships that help them to migrate. To address this issue, we first only consider individuals in the family who are not the head of the household because, in such a case, strong ties are distant 2 from them, i.e. they are closest contacts of their relatives (i.e. the head of the household). For example, if we consider the son in the family who considers migrating and the head of the household is the father, then we will look at the impact of the migration of the closest contact of the father on the son's decision to migrate. Table 5 displays the results. By excluding this small sample of individuals (less than 200), the results do not substantially change the pattern of estimates, with a strong effect of both weak and strong ties in the model without interaction, as well as a consistent evidence of positive complementarity in the model in column V. As in the previous section, we can calculate the effect of strong ties on migration when the interaction terms is introduced (column V). Proceeding as in (17), we obtain:
which is very close to the benchmark model (where the value was 0039).
[   5 ]
As a second robustness check, we narrow down our sample to only strong ties who have known the interviewed individual since the age of 16. Once again, this robustness check aims to exclude the potential endogeneity in the choice of the strong tie. As can be seen from Table 6 , the pattern of the results is unchanged. As above, proceeding as in (17), we obtain:
which is again close to the benchmark value.
[   6 ]
To address the endogeneity of friendship decision on migration decision in an even more convincing manner, we consider both individuals in the family who are not the head of the household and friendship relationships (strong ties) that date back to when the head of the household was 16. For example, if we consider the son in the family who considers migrating and the head of the household is the father, then we will look at the impact of the migration of the closest contact of the father on the son's decision to migrate, given that this closest contact already knew the father when the latter was 16 and (very likely) the son was not even born. Table 7 displays the results, from which we can see that all the main results remain unchanged.
[
   7 ]
So far, we have restricted the sample of workers to those aged between 16 and 35. As a robustness check, in Table 8 , we include all individuals aged 16 to 64. Not surprisingly, the magnitude of the effects of weak and strong ties are "diluted" once additional individuals (who are less likely to migrate and less likely to be in a network of migrants) are included, although the results are globally robust.
[   8 ]
In Table 9 , we extend the sample of individuals aged 16-35 to those who have previous migration experience. Once again, not surprisingly, the network effect is much stronger compared to the benchmark model. One possibility for this large effect is that migration networks are highly endogenous. Indeed, thanks to previous migration, the individual has contributed to the network status of his/her network, and hence a correlation between today's migration and network status is potentially affected by reverse causality, leading to upwardly biased estimates. This final check confirms the importance of restricting our analysis to firsttime migrants.
[   9 ]
We also performed a series of additional tests. In particular, we tested for the definition of strong ties using information on the closest three ties instead of only the first strong tie. In this case,   is just the fraction of strong ties who have migrated. Table 10 reports the results 11 which are similar to those of our benchmark analysis (Table 3) , despite being statistically weaker. In Table 10 , we also explored a model that introduces an additional non-linear effect in the strong tie (which is possible now since individuals have more than one strong tie), that is  2  . The results are not affected and we see that the effect of strong tie on migration decision is increasing and convex.
[   10 ]
In Table 11 , we introduce interaction terms between all characteristics of strong ties (  ) and the weak ties. The addition of these interactions leaves the main estimates unchanged.
[   11 ]
Finally, in Table 12 , we estimate models in which we change the definition of our dependent variable. Indeed, we explore alternative definitions of our endogenous variable, in which migration is defined from rural to urban areas within the local province or to another province. The first alternative definition includes migrations from rural to rural or rural to urban areas, and hence reflects the broadest definition. The second definition is migration from rural to urban area, albeit within the local county. The third definition is migration from rural to urban area in another province, and hence is the strictest definition. Note that the change of migration definition applies to both our outcome variable and the strong tie variable. Interestingly, our results (displayed in Table 12 ) hold and are robust to the change in the definition of migration.
[   12 ]
Conclusion
It is well established that migration experience among an individual's family and community networks tends to encourage migration. However, there exists little research investigating the mechanisms by which networks exert such effects. We study these mechanisms by first developing a theoretical model that illustrates the different channels through which networks may affect migration decisions. Using unique data from China, we subsequently estimate the role played by social networks in the migration decision using networks prior to migration, distinguishing between strong and weak ties. Strong ties are measured by the closest contact nominated by a given individual, while weak ties are determined by the fraction of migrants from the village in which the individual resides.
Our results indicate that both weak and strong ties matter in the migration decision process, although the impact of weak ties is higher than that of strong ties. We also show that one underestimates the effect of social networks on migration by not taking into account the strong ties in the mobility process. We finally find that weak and strong ties act as complements in the migration decision, which indicates that the interactive effect between weak and strong ties is particularly strong above a certain threshold of the size of weak ties.
We believe that our results shed light on the mechanisms by which networks encourage migration, because weak and strong ties provide different types of information in the migration process. Strong ties (as measured by the closest family contact as here) usually provide information on jobs at the destination and different types of help to migrate or upon migration. In particular, as seen in Figure 2 , migrant strong ties do provide much more financial help than non-migrant strong ties. Weak ties (as measured by the village in which the potential migrant resides) usually provide some information about jobs at the destination. Given that weak and strong ties play different roles in encouraging migration and because they complement each other, we believe that it is of paramount importance to disentangle between these two types of ties. Thus, our paper provides a first attempt at answering a very important question in relation to both social networks and migration, but clearly more research is needed to better understand the relationship between the two.
Proof of Proposition 1:
We establish the proof in two steps. First, Lemma 1 characterizes all steady-state dyad flows. Lemma 2 then provides conditions for their existence.
Lemma 1 There exists at most two different steady-state equilibria: () a non-migration equilibrium N such that  * = 0 and  * = 1, () an interior equilibrium I such that 0   *  1 and 0   *  1.
Proof: By combining (5) to (8), we easily obtain:
We consider two different cases.
() If  * = 0, then equation (18) is satisfied. Furthermore, using (5) and (6), this implies that  * 1 =  * 2 = 0 and, using (7) and (9), we have  * 0 = 12 and  * = 1. This is referred to as steady-state N .
() If  *  0, then solving equation (18) yields:
. This equation can now be written as:
Moreover, by using (5) and (6), we obtain:
• Let us first focus on the case where  * = 1. In that case, it has to be that only  2 −dyads exist and thus  * 0 =  * 1 = 0, which, using (20) implies that:  * 2 = 0. So this case is not possible.
• Let us now thus focus on the case: 0   *  1 (which implies that 0   *  1). By plugging (19) and (20) into (7) and after some algebra, we obtain that  * 0 solves Φ( * 0 ) = 0 where Φ( * 0 ) is the following second-order polynomial:
This completes the proof of the lemma.
Lemma 2
() The steady-state equilibrium N always exists.
() The steady-state equilibrium I exists when
Proof.
() In this equilibrium  * = 0. There are only  0 −dyads. So when a  0 −dyad is formed it is never destroyed and thus this equilibrium is always sustainable.
() We know from Lemma 1 that a steady-state I exists and that  * 6 = 1. We now have to check that  
The unique positive solution to
, which, using the value of , is equal to:
Observe that  * 0  12 guarantees that  *  0. Finally, to obtain (11) and (12), we proceed as follows. First, we plug the values of  * 2 and  * 1 from (5) and (6) into  * = 2 * 2 +  * 1 to obtain (18) or equivalently:
Then, we plug the values of  * 2 and  * 1 from (5) and (6) into
1 to obtain:
By solving simultaneously equations (22) and (23), we get (11) and (12) .
Proof of Proposition 2: By differentiating (11), we obtain:
It is easily verified that this inequality is equivalent to  +   0, which is always true.
By differentiating (11), we obtain:
which is equivalent to:
It is easily verified that this inequality is always true.
Let us now calculate
. By differentiating (24), we obtain:
This implies that
T 0 This is equivalent to:
or equivalently:
It is clearly impossible to sign this inequality and thus
has an ambiguous sign.
By differentiating (11), we obtain
This is equivalent to
which are clearly always true .
Finally, by differentiating (11), we obtain
It is easily verified that this inequality is always true. Weak ties share of migrants Strong tie migrated=0 Strong tie migrated=1
